Networks of protein-RNA interactions is likely to be larger than protein-protein and protein-DNA interaction networks because RNA transcripts are encoded tens of times more than proteins (e.g. only 3% of human genome coded for proteins), have diverse function and localization, and are controlled by proteins from birth (transcription) to death (degradation). This massive network is evidenced by several recent experimental discoveries of large numbers of previously unknown RNA-binding proteins (RBPs).
Introduction
RNA is directly involved in a wide variety of functions ranging from protein synthesis, post-transcriptional modification, to posttranscriptional regulation. Unlike DNA, located mostly in the cell nucleus, RNA is transcribed in the nucleus and transported to the cytoplasm as non-coding RNA or for translation. The diverse localization and different functionalities of RNA transcripts 1-3 along with only 3% of the human genome being coded for proteins 4 suggest that the network of protein-RNA interactions is likely to be larger and more complex than those of protein-DNA and protein-protein interactions. 5 These RNA-binding proteins (RBPs) are challenging to locate experimentally although some progress in high-throughput biochemical approaches has been made [5] [6] [7] [8] and hundreds of novel unconventional or moonlighting RBPs have been discovered. [9] [10] [11] This, however, has only scratched the surface of RBPs and their associated post-transcriptional networks.
A complete understanding of the protein-RNA interaction between a specific protein and an RNA requires the determination their complex structure. In spite of difficulties in solving protein-RNA complex structures, [12] [13] [14] the number of nonredundant complex structures deposited in PDB has quadrupled from 45 per year in 2001 to 181 in 2012 (at 90% sequence identity cutoff), as shown in Fig. 1 . By comparison, the number of deposited structures has only tripled from 2831 in 2001 to 8944 in 2012 (http://www.rcsb.org/pdb/statistics/contentGrowth Chart.do?content=total&seqid=90). The growing number of protein-RNA complex structures provides an increasingly larger dataset for analyzing the principles of protein-RNA recognition. [15] [16] [17] [18] [19] [20] However, not all members in the same structural folds have RNA-binding activities. For example, the Structural Classification Of Proteins (SCOP) 21 has 44 folds shared by both RNA and non-RNA binding proteins. 22 The challenges and expense to experimentally determine RBPs necessitate the development of accurate and efficient computational techniques. In this review article, we will classify different computational methods according to the resolution of their prediction from low, medium, high to the highest. A lowresolution prediction is a simple two-state prediction of whether a protein is RNA binding or non-RNA binding. A mediumresolution prediction locates the amino-acid region of an RBP that binds to RNA (RNA binding site/motif prediction). A highresolution prediction indicates the types of RNA binding to an RBP. The highest resolution prediction will predict the threedimensional structure of protein-RNA complexes with a predicted RNA binding sequence. The highest resolution prediction can simultaneously make all lower resolution predictions including the RNA type, RNA-binding site, and the two-state RBP/non-RBP classification, but not vice versa. Most computational methods developed so far have focused on low to medium resolution prediction. 23, 24 Another way to classify computational methods is based on the information employed in the prediction. A structure-based method attempts to predict RNA-binding based on a known protein structure. Structure-based methods are important because of the small number of known protein-RNA complex structures relative to all structures solved. As of June 18th, 2013, there are 91 550 structures in the PDB but of these only 1541 entries (1.7%) are RNA-protein complexes. Some of those other 98.3% of structures could have unknown hidden RNA-binding activities as a large number of RBPs are yet to be discovered. Moreover, many structures generated from structure genomics projects have unknown biological functions. 25 A sequencebased method, on the other hand, makes a prediction with the protein sequence as the only input. Sequence-based methods can be coupled with predicted or actual structural information as well as predicted binding information to improve the overall accuracy of prediction.
Here, we will provide a brief review based on the resolution as well as the information (i.e. sequence versus structure-based) employed in prediction.
Low resolution function prediction: twostate prediction (RBP prediction)

Structure-based inference of RBPs
Negatively charged RNA preferentially binds to positively charged proteins. Electrostatic interactions obviously are an important feature for the detection of RBPs. Shazman and Mandel-Gutfreund 26 employed Support Vector Machines (SVM) to combine electrostatic patches, solvent accessibility, cleft sizes and other global protein features for RBP prediction. This method trained on 76 RNA binding proteins and 246 non-nucleic acid binding proteins and achieved a Matthews correlation coefficient (MCC) of 0.72 based on the leave-one-out test. MCC is a correlation coefficient between actual and predicted binary classifications. It is 1 for perfect prediction and 0 for random prediction. Despite its high MCC value, the method is unable to distinguish RBPs from DNA-binding proteins. Ahmad and Sarai 27 employed neural networks that are based on charge, dipole moment and three eigenvalues of quadrupole moments generated from the structure. It was trained on 160 RBPs and 2441 non-RBPs and achieved 0.79 for an area under the ROC curve based on the leave-one-out test (1 for perfect prediction and 0.5 for random prediction). Table 1 provides a list of features for the two methods described above. More recently, a templatebased approach was developed by utilizing known protein-RNA complex structures. 28, 29 In this method, a target structure is aligned to the templates in the template library and an RBP is Template-based Structural alignment SPOT-struc 29 Template-based Structural alignment plus binding affinity estimation Sequence-based Yu et al. 37 SVM Hydrophobicity, secondary structures, solvent accessibility, van der Waals volume, polarity, polarizability and amino acid composition Kumar et al. 41 Voting Hydrophobicity, predicted secondary structure, predicted solvent accessibility, normalized van der Waals volume, polarity, and polarizability RNApred 40 SVM Residue composition, predicted RNA binding residues, and PSSM Shao et al. 38 SVM Clustered amino acids according to dipoles and volumes of side chains Cai et al. 35 SVM Pseudo-amino acid composition, charge, hydrophobicity, and accessible surface area Fujishima et al. 69 SVM Amino acid composition and periodicities SVMProt 36 SVM Amino acid composition, charge, polarity, and hydrophobicity SPOT-seq 22 Template-based Sequence-to-structure match and binding affinity estimation
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predicted if the structural similarity between the target and a template is higher than a certain threshold. Several structural alignment programs were tested. Among them, SPalign 28 was found to give the highest MCC value of 0.37 based on a dataset of 212 RNA binding domains and 6761 non-RNA binding domains with 250 RNA-binding domains as templates. When the query structure is compared to template structures, the templates with sequence identity >30% to the query sequence are excluded in order to test the ability of the method to detect remote structural homologs. SPOT-struc (RNA) 29 is an improved method based on a structural similarity score only by using a relative structural similarity between RBPs and non-RBPs and by predicting the binding affinity between the query protein and the template RNA with a statistical energy function based on distance-scaled finite ideal gas reference state (DFIRE). 30 It achieves an MCC value of 0.57 for the same dataset above. SPOT-struc (RNA) has the ability to separate RNA-from DNA-binding proteins because it yields zero false positives after excluding proteins known to bind both DNA and RNA when applied to a dataset of 331 DNA binding domains.
Sequence-based inference of RBPs
The main limitation of a structure-based technique is that the structures for most proteins are not yet known. One common technique is homology-based prediction assuming that proteins with similar sequences are likely to perform the same function. Enzymes, [31] [32] [33] for example, tend to have a conserved function, if they share more than 40% to 50% sequence identity. However, such prediction will produce false negatives by failure to detect functionally identical remote homologs 34 and false positives by ignoring possible functional divergence for highly homologous sequences. 31 Thus, there is a need to go beyond simple homology-based search. Several SVM-based tools [35] [36] [37] [38] [39] [40] [41] were developed. Different methods mainly differ in features employed as summarized in Table 1 . Commonly used features are the composition of amino-acid residues, hydrophobicity, amino acid composition, charge, hydrophobicity and accessible surface area. Early studies 35, 36 did not remove homologous sequences in training and testing. Due to limitation of SVMs, most methods were trained with nearly equal number of RBPs and non-RBPs. [37] [38] [39] [40] [41] In a real-world situation, RBPs are only a fraction of all proteins. The reported MCC values are 0.53 for a dataset of 134 RBPs and 134 non-RBPs, 39 0.51 for a dataset of 69 RBPs and 100 non-RBPs by RNApred, 40 0.65 for a dataset of 687 RBPs and 687 non-RBPs. 41 The structure-based method SPOT-struc 29 was extended to sequence-based (SPOT-seq 22 ) by employing predicted structures from a template-based technique called SPARKS-X. 42 More specifically, SPARKS-X attempts to match the query sequence to the templates of known protein-RNA complex structures. If a match is found (based on a Z-score), a binding affinity is predicted based on a knowledge-based energy function. The query sequence is an RBP if the binding affinity is higher than an optimized threshold. This coupled structure and binding prediction leads to an MCC value of 0.62 for independent test on 215 RBPs and 5765 non-RBPs with a template library of 1164 RNA-binding domains and RNA-binding chains.
This MCC value is even higher than 0.56 given by SPOT-struc for the same dataset despite of using predicted structures in SPOT-seq, rather than actual structures in SPOT-struc, suggesting possible cancellation of errors in structure and binding prediction.
Method comparison
There is a lack of comparison between different methods for RBP prediction. Most methods described above do not have webservers or their web-servers are no longer functional. We found only two available servers (RNApred, 40 http://www.imtech.res.in/ raghava/rnapred/ and SVMprot 36 ). Both of these are sequencebased methods. They are compared to SPOT-seq along with structure-based techniques SPOT-struc and SPalign with a dataset of 257 RBPs and 5765 non-RBPs in Table 2 . This dataset is an independent test set for SPOT-seq. Here, we define sensitivity as TP/(TP + FN), precision as TP/(TP + FP), and MCC ¼ ðTP Â
where TP, FP, TN, and FN are numbers of true and false positives and true and false negatives, respectively. RNApred predicted 203 out of 257 RBPs and 2415 out of 5765 non-RBPs as RBPs. As shown in Table 2 , RNApred achieved an MCC value of 0.15, sensitivity of 79%, and precision of 8%. SVMprot yields the MCC of 0.19, sensitivity of 50% and precision of 13%. By comparison, SPOT-seq has a MCC value of 0.60, sensitivity of 44%, precision of 84% for the same dataset. Thus SPOT-seq is significantly more powerful in separating RNA from non-RNA binding proteins. It is even more powerful than structure-based techniques that achieved MCC values of 0.46 (SPalign) and 0.50 (SPOT-struc). Fig. 2 displays the Receiver Operating Characteristic (ROC) curves for these sequence and structure-based methods. It is clear that SPOT-seq, the template-based technique, is substantially more accurate than other sequence-based, machinelearning techniques (RNApred and SVMprot) or structure-based techniques (SPalign and SPOT-struc). For structure-based techniques, SPalign, although is less accurate than SPOT-struc at low false positive rates, has higher sensitivity at high false positive rates. This suggests that replacing TMalign employed in SPOTstruc by SPalign for pairwise structure alignment will likely further increase the power of SPOT-struc. Discriminating RBPs from DNA-binding proteins DNA-binding proteins are important controls for examining the accuracy of RBP prediction because DNA-binding interfaces are also positively charged as RNA-binding interfaces.
Most methods are either unable to separate RNA from DNA binding proteins or not tested in this aspect. Table 2 confirms the high false positive rates given by RNApred (B69%) and SVM-prot (22%) when tested on 245 DNA-binding proteins, compared to zero-false positive rates given by SPOT-seq. These 245 DNA-binding proteins are a subset of DB250 which are modified by excluding 5 RNA and DNA-binding proteins. 22 
Medium resolution function prediction: binding residues prediction
Locating functional residues is an important first step in understanding the mechanism of function. Thus, there are a significant number of studies predicting RNA-binding residues. Most studies are machine-learning techniques trained from sequences or structures of known RBPs.
Structure-based prediction
Finding discriminative structural features is key for accurate prediction of RNA-binding residues from a given structure. Table 3 lists structural features employed by several structurebased techniques. [43] [44] [45] [46] [47] [48] [49] [50] The methods range from docking, random forest classifier, neural network, SVM, naïve Bayes classifier to linear regression. The notable features are sequence conservation, secondary structures, types of amino acid residues, solvent accessible surface area and interface propensity. There are some overlaps between the features employed for RBP prediction and binding residue prediction, except that one focuses on the whole protein level and the other is on the residue level.
Unlike machine-learning based methods, template-based methods can predict RBPs and their binding residues at the same time because template-based methods predict complex structures between target structure and template RNA that can be employed for annotating binding residues. The accuracy of binding residue prediction depends on strongly on structural alignment programs. SPOT-struc (RNA) 29 is based on an alignment program called TM-align. 51 Another method SPalign that permits a size-independent alignment was developed to further improve the accuracy of alignment and identification of binding regions. 28 
Sequence-based prediction
For sequence-based predictions, the prominent feature is sequence similarity and evolution information. 39, [52] [53] [54] [55] [56] [57] [58] [59] Additional features as shown in Table 3 include properties of amino acid residues, predicted secondary structures and solvent accessibility. Most methods are based on SVM. These features are typical of those utilized in secondary structure prediction and ASA prediction as well (e.g. ref. 60). All above methods are machine-learning based tools. Similar to SPOT-struc, SPOTseq 22 can infer RNA-binding residues according to predicted RNA-protein complexes between the model structure of the target protein and the structure of template RNA.
Method comparison
The published performance for various methods in structure and sequence-based RNA-binding residues can be found in Table S1 (ESI †). One conclusion is that structure-based techniques do not have any advantage over sequence-based techniques. The second conclusion is that all methods have MCC below 0.6. However, different datasets make comparisons between different methods impossible. To compare different methods, we built a dataset of 106 RNA-binding domains (RB106) that were released in 2011 and 2012. RB106 is a nonredundant dataset with pairwise sequence identity lower than 35%. However, only 67 domains in 106 domains were predicted as RBPs by SPOT-seq because of a lack of templates or low binding affinity. Thus, we also show results for the RB67 set. In addition, we further removed the domains that have more than 45% sequence identity with RNA-binding domains released before 2011. This leads to a small dataset of 20 RBPs (RB20). We employed 45% sequence identity cutoff here because a lower cutoff will lead to fewer new RNA-binding complex structures. Table 4 lists the performance of various structure and sequence-based techniques for three datasets (RB106, RB67 and RB20). In structure-based techniques, SPalign is consistently the top performing of three structure-based techniques (SPalign, SPOT-struc and KYG). In both SPalign and SPOTstruc, all templates more than 30% sequence identity to the target are removed. In sequence-based methods, BINDN+ has the best performance in the MCC value for RB106 (MCC = 0.59), followed by PBRpred (MCC = 0.57). For RB20, PBRpred gives the highest MCC value (0.39), followed by BINDN+ (0.38) and RNABindR (0.37). SPOT-seq, on the other hand, yields the highest MCC value for those proteins predicted as RBPs Fig. 2 The ROC curves for several RBP predictors. SPOT-seq, RNA-pred and SVMprot are sequence-based methods while SPalign and SPOT-struc are structure-based.
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Molecular BioSystems (0.63 for RB67). SPOT-seq achieved an MCC value of 0.33 for RB20 by using the templates that have no sequence identity higher than 30% to target. It seems that machine-learningbased techniques are as accurate as or more accurate than template-based techniques in predicting RNA binding residues. All methods, however, decrease their accuracy significantly for RB20, suggesting that homologous sequences are the reasons for improved prediction for RB106. The performance of various methods is also compared by the ROC curves in Fig. 3 . Regardless of datasets, two best performing methods are RBPpred and BindN+.
High-resolution function prediction: binding RNA type prediction
Predicting the type of RNA binding with a given RBP provides more detailed information on the function of RNA-binding proteins. Yue et al. 37 developed a sequence-based predictor for separating rRNA-binding from RNA-binding proteins. They found that rRNA-binding proteins can be more accurately a Template-based approach: templates with 30% or higher sequence identities to the query sequence are removed. Fig. 3 Performance of RNA-binding predictions for the RB20 dataset by several sequence and structure-based techniques. 43 NN Secondary structure and amino acid type KYG 44 Scoring Residue doublet interface propensity and multiple sequence profiles Chen and Lim 45 Scoring Surface binding pocket, electropositive atoms, and spatially evolution principle Maetschke and Yuan 46 SVM/Naïve Bayes Residue contacts map, PSI-BLAST profile, and graph theory properties Struct-NB 47 Surface roughness, interface residue propensity and CX score 70 Li et al. 48 Linear reg. PSSM, secondary structure and solvent accessibility OPRA 49 Docking Pairwise residue-ribonucleotide interface propensities Liu et al. 50 Random forest Random forest classifier & interaction propensities, physicochemical characteristics, hydrophobicity, rASA, secondary structure, and conservation score side-chain environment Spalign 28 Template-based Structural alignment SPOT-struc 29 Template-based Structural alignment plus binding affinity estimation Sequence-based BindN 52 SVM Side chain pK a value, hydrophobicity index, and molecular mass RNABindR 54 Naïve Bayes classifier Hydrophobicity index, rASA, and predicted secondary structure Pprint 53 SVM PSSM RNAProB 56 SVM Smoothed PSSM BindN+ 71 SVM Side chain pK a value, hydrophobicity index, molecular mass, and PSSM NAPS 57 Bootstrap aggregation and cost sensitivity learning PSSM PBRpred 58 SVM PSSM, predicted secondary structure and solvent accessibility PiRaNhA 55 SVM PSSM, residue interface propensity, and predicted residue accessibility value PRBR 59 Random forest Secondary structure, evolution information, conservation information of physicochemical properties of amino acids, polarity-charge, and hydrophobicity SPOT-seq 22 Template-based Sequence-to-structure match and binding affinity estimation predicted than other types of RNA-binding proteins. Shazman and Mandel-Gutfreund 26 employed a multi-class SVM to classify rRNA, tRNA, and mRNA-binding proteins based on electrostatic properties derived from protein structures. It has the highest success rate for tRNA-binding proteins (13/13) but a lower success rate for rRNA (32/46) Highest resolution function prediction: protein-RNA complex structure prediction
To understand the mechanism of protein-RNA binding, atomic resolution of protein-RNA complex structures is required. One method to predict protein-RNA complex structures is protein-RNA docking which relies on known protein and RNA structures. Such docking techniques for protein-RNA interactions can be modified from many docking software tools for proteinprotein and protein-ligand docking after equipping with a scoring/energy function for protein-RNA interaction. For example, Zheng et al. utilized the RosettaDocking 61 program to generate protein-RNA complex decoys and evaluate the ability of a knowledge-based energy function based on a conditionalprobability function to discriminate docking decoys. 62 Perez-Cano et al. employed the FTDOCK 63 program plus propensitybased statistical potentials. 49 Tuszynska and Bujnicki employed the GRAMM 64 docking program and two separate statistical potentials (QUASI-RNP based a quasi-chemical reference state and DARS-RNA based on the reference state from decoys) for scoring. 65 Setny and Zacharias employed the protein-docking program ATTRACT 66 and a knowledge-based energy function employing a quasi-chemical approximation. 67 These studies demonstrated the usefulness of knowledge-based energy functions for decoy discrimination and selection of near-native docking decoys. A DFIRE-based statistical potential for protein-RNA interaction 29 is found to be useful for increasing true positive rates while decreasing false positive rates of predicting RNA-binding proteins. Protein-RNA docking, however, is more challenging than protein-protein docking because RNA structures are more flexible than protein structures. This is demonstrated by critical assessment of predicted interaction (CAPRI, 2009). CAPRI, which typically assessed protein-protein docking models, included a protein-RNA complex structure in a recent round. 68 All docking predictions failed for this protein-RNA complex target because of inaccurate model RNA structures. Another approach to predict protein-RNA complex structures is to use known protein-RNA complex structures as templates.
SPOT-seq 22 and SPOT-struc 29 are sequence and structure-based techniques for predicting protein-RNA binding complex structures based on template-based structure prediction program SPARKS X and structural alignment program TM-align, 51 respectively. Both methods can provide quite accurate prediction of binding residues and complex structures if a significantly matching template is found. For example, the average structural similarity between predicted and actual structures is about 0.66 according to the TM-score, regardless of training or testing. About 77% of structures predicted are less than 4 Å root-meansquared distance from the respective native structures. 22 One example is shown in Fig. 4 . In this figure the target protein is 1m8yB (human Puf protein, Pumilio1), the SPOT-seq selected template is 3k5qA (Caenorhabditis elegans fem-3 binding factor 2). The sequence identity between these two proteins is 24.9%. The advantage of SPOT-seq or SPOT-struc is their computational efficiency that allows large genome-scale prediction.
Summary and outlook
A constant increase in the number of protein-RNA complex structures makes it possible to develop various techniques to predict RNA-binding proteins with different levels of functional details. Unlike sequence-based approaches using templates, sequence-based techniques using machine-learning methods are ineffective in distinguishing RNA-binding proteins from DNA-binding proteins. On the other hand, for a known RNAbinding protein, the best machine-learning techniques are often more accurate in locating RNA-binding residues than a template-based approach. This is true particularly for those proteins that are not predicted as RBPs by the template-based approach. Thus, combining these two approaches may further improve the accuracy of RNA-binding function prediction. Fig. 4 Comparison between the predicted (red) and actual (green) structure and predicted (yellow) and actual (blue) binding residues. The actual RNA structure is cyan and that of the predicted structure is orange. The target is 1m8yB and the template is 3k5qA.
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